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Abstract: Travel demand forecasting in terms of origin-destination (O-D) matrix estimation on transportation networks is an important topic in transportation research. The 
motivation of each trip is the user’s desire of conducting a compulsory or noncompulsory activity. User activity choices should not be ignored for the trip demand forecasting; 
nevertheless, there are scare approaches of O-D matrix estimation incorporating users’ activity behavior in the literature. This study develops an activity-based bi-level model 
for the estimation of O-D matrix on road networks using the activity-based approach where road users’ activity and travel choices are integrated scheduled. In the estimation, 
the parameter of the user activity and travel choice model is simultaneously calibrated.  A heuristic algorithm is explored to solve the model.  A numerical example is provided. 
The example results illustrate that the developed model and heuristic algorithm are applicable and efficient tools to deal with the problem of O-D matrix estimation.  
 





There appeared a mass of literature on the discussion 
of the problem of origin-destination (O-D) matrix 
estimation on transportation networks in the past decades 
due to the important role of the accuracy forecasting of trip 
demands in transportation management. Various 
estimation approaches with the use of the observation data 
on some selected links of the transportation network have 
been developed in the literature [1-11].  
In the earlier estimation models and methods, traffic 
congestions on the transportation network did not consider 
where users were supposed to make travels independently 
[1]. Later, traffic congestions resulting from the 
interactions among users’ travels on the network were 
studied [2-5]. In those studies, usually a network 
equilibrium model was formulated to describe the user 
aggregation travel behavior. Some attempts have been 
made to simultaneously estimate the O-D matrix on 
transportation networks and calibrate the parameters 
employed in the equilibrium model of user travel choices 
[6-7]. 
In recent studies, the fuzzy method has been adopted 
for the estimation of the O-D matrix [8], especially for the 
estimation while the observation data is incomplete or 
imprecise [9]. Some researchers [10-11] recently discussed 
how to apply the new technologies such as internet routing 
data or global position system (GPS) data to estimate the 
O-D matrix.   
Most previous O-D estimation models including the 
above were the trip-based approach. The effect of road 
users’ activity behavior on O-D matrices was ignored. That 
ignorance possibly leads to the misrepresentation of users’ 
travel behavior [12] and the biased assessment of the 
effects of transport policies [13]. The underlying 
generation of trips on the transportation network is the need 
of the trip makers to conduct compulsory or non-
compulsory activities at different locations. For example, 
the trip from home to the supermarket is generated by the 
need of shopping. The destination of the trip is the target 
location for the activity conduction while the origin of the 
trip is the stay location of the trip maker before traveling. 
If there is no desire of activity conductions, no trip demand 
is generated. Therefore, for the achievement of the 
accuracy trip demand forecasting, the analysis of user 
activity behavior should be incorporated into the 
estimation of O-D matrix.  
Recently, the activity-based approach has been widely 
adopted to develop activity-based transport models for the 
better understanding of user travel behavior [14-22]. In the 
developed models, not only users’ trips on the 
transportation network, but also users’ activities, trip chain, 
activity chain, and the coordination of activities and trips 
were discussed. It is noticed that most of the early activity-
based transport models are the simulation models because 
it is difficult to clarify the complex relationships between 
activities and travels of users by mathematical expressions 
[15-17].  
With the improvement of research on the activity-
based approach, a number of mathematical activity-based 
transport models have been proposed [14, 18-22] in the 
past recent years. Huang and Lam [14] discussed the 
development of an analytical model of scheduling users’ 
time-dependent activities and travels. Joh et al. [18] 
conducted a research study to develop a model for the 
activity rescheduling problem. Various supernetwork 
approaches have been explored to deal with the activity 
scheduling problems [19-22]. With the use of those 
supernetwork approaches, the daily time-dependent trip 
demands on transportation networks could be 
endogenously generated. 
However, little attention has been paid to employ the 
activity-based approach in the estimation of O-D matrix in 
the previous studies, although there exist strong 
interactions between activities and trip demands. This 
study investigates the problem of O-D matrix estimation on 
road networks with the consideration of road users’ activity 
choices. To deal with that problem, an activity-based bi-
level model is proposed. In the model, the history O-D 
matrix and the vehicular count information on some 
selected road links are the base data for the estimation. In 
the estimation, the impact of user activity behavior on the 
O-D matrix is examined and the parameter of user activity 
and travel choice model is calibrated.  
The organization of the paper is as follows. Section 2 
discusses the problem of user activity and travel choices. 
Section 3 presents the formulation of the activity-based bi-
level model. In Section 4, a heuristic algorithm is explored 
to solve the formulated model. Section 5 presents the 
applications of the method developed in this study on a 
Lian Qun OUYANG, Di HUANG: An Activity-Based Model for the Estimation of Origin-Destination Matrix on Road Networks 
Tehnički vjesnik 25, 5(2018), 1530-1537                                                                                                                                                                                    1531 
sample transportation network. Section 6 gives a final 
summary together with the research directions in future. 
 
2 USER ACTIVITY AND TRAVEL CHOICES  
2.1  User Activity and Travel Choice Model 
 
In this section, the road users’ behavior of activities 
travels on transportation networks is discussed. Users are 
supposed to make activity and travel decisions with the 
maximum expected utility principle.  
Let N and J denote the node set on the transportation 
network and the activity set including all considered 
compulsory activities and noncompulsory activities, 
respectively. Let rsC  denote the travel time of the trip from 
origin node r  to destination node s , where ∈r N and
∈s N . Let µ js  represent the utility of a user conducting 
activity j  at activity location node s , where ∈j J . Letα  
be the equivalent travel time of unit utility. Let sjε  
represent the random perception errors of the utility, and it 
is assumed to follow the independent and identical Gumble 
distribution.  
The total expected utility jrsV of a user making a trip 
from node r  to node s and then conducting activity j  at 
node s , is formulated as the following equation.  
 
,      , ,j jrs rs s sjV C r N s N j Jαµ ε= − + + ∀ ∈ ∈ ∈                (1) 
 
The probability, jrsp , of a road user at origin node r  
traveling to destination node s and then conducting 
activity j  at node s , is calculated by 
 
,












Cp r s N j J
C
           (2) 
 
Let rd  denote the total number of road users at origin 
node r . The user activity and travel choice model which 
generates the demand of users, jrsd , who are choosing 
traveling from node r  to node s  and then conducting 
activity j  at node s , can be formulated as 
 
,












Cd d r s N j J
C
       (3) 
 
In the model of Eq. (3), λ  is a parameter needing to be 
calibrated when the history value of λ  is unable to 
properly capture users’ updated activity and travel 
behavior.  
There may be more than one activity location nodes on 
the transportation network feasible for a specific activity 
conduction. It is also possible that there is more than one 
alternative activity at an activity location node. Let sJ
denote the set of alternative activities at activity location 
node s , where ⊆sJ J . Let 
'
sV  denote the expected utility 
of a user conducting any available activity at activity 
location node s , then, 
 
' ln exp( ), .αµ
∈
= ∀ ∈∑ js sj JsV s N                                (4) 
 
Let R denote the set of origin nodes on the 
transportation network, where ⊆R N and ∀ ∈r R . The 
probability, rsp , of a user choosing the trip from node r  
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2.2 The Activity-based Stochastic User Equilibrium Model 
 
In this section, an activity-based stochastic user 
equilibrium model (SUE) is proposed to deal with the users’ 
activity and travel choice problem on the road network.  
 Let p and a , respectively, denote a path and a link of 
the studied road network. Let rsP  denote the set of all 
feasible paths from node r  to node s on the network. Let 
,
j
rs pf  represent the demand traveling from node r  to node 
s , choosing path p  and then conducting activity j at node 
s . Let jax  represent the demand experiencing link a   for 
conducting activity j purpose. Let ,
rs
a pδ  be equal to 1 if 
link a is experienced by path p  where path p is a feasible 
path from node r  to node s , and 0 otherwise.  
The constraints of the above discussed user activity 
and travel choice problem on the road network are 
summarized as follows: 
 
, ,  , , ,= ∀ ∈ ∈ ∈∑ j jrs p rs rs
p
f d r s N p P j J                  (6a) 
, , ,  , , ,δ= ∀ ∈ ∈ ∈∑∑∑j j rsa rs p a p rs
r s p
x f r s N p P j J          (6b) 
,   , ,= ∀ ∈ ∈ ∈∑∑ jrs r
j s
d d r N s N j J                      (6c) 
, 0,   , , ,
j
rs p rsf p P r s N j J≥ ∀ ∈ ∈ ∈                         (6d) 
0,   , , .≥ ∀ ∈ ∈jrsd r s N j J                                        (6e) 
 
According to the maximum expected utility principle,   
the road users’ choices of activities and travels on the 
network result in a SUE state, which can be formulated as 
follows,  
 
( )* 0,  , ,− = ∀ ∈ ∈j jrs r rsT T d r s N j J                         (7a) 
*,  , ,jrs rT T r s N j J≥ ∀ ∈ ∈                                       (7b) 
0,  , ,≥ ∀ ∈ ∈jrsd r s N j J                                         (7c) 
( )*
, ,
min min ,j jr rs rs ss j s j
T T C r Nαµ= = − ∀ ∈                (7d) 
 
where jrsT  is the total expected disutility of traveling from 
node r  to node s and then conducting activity j at node s  
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and it is the systematic (or deterministic) component of 
total utility of jrsV  in Eq. (1). Eq. (7a)-(7d) imply that the 
expected disutility of activity and travel choices of each 
road user that departs from the same origin node, is equal 
and minimized at the equilibrium state.  
Let *,
j
rs pC  denote the expected travel time of users 
traveling from node r  to node s , choosing path p   and 
then conducting activity j at node s  at the equilibrium state. 
Let *jrsd represent the corresponding 
j
rsd  at the equilibrium 
state. Let *,
j
rs pf represent the corresponding ,
j
rs pf  at the 
equilibrium state.  
Theorem 1. The traffic flow on the road network 
satisfying constraints (6a)-(6e) reaches an activity-based 
SUE state if and only if it is the solution to the below 
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Proof. The VI problem of Eq. (8) is considered as a 
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subject to constraints (6c) and (6e).  
It is not difficult to prove that Part 1 of Eq. (8) is 
equivalent to the following programming problem [23]: 
 




d d                                        (10) 
 
subject to constraints (6c) and (6e). Eq. (10) is equivalent 
to Eq. (3) which describes the road user activity and travel 
behavior. 
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subject to constraints (6a)-(6d).  
In view of Eq. (6a), Part 2 of Eq. (8) could be rewritten 
as,  
 
( ) ( )* *, 0αµ− − ≥∑∑∑ j j j jrs p s rs rs
j r s
C d d .                        (12)  
 
The formulation of Eq. (12) is the equivalent VI 
problem of Eq. (7a)-(7d). In view of the formulations of Eq. 
(10) and Eq. (12), Theorem 1 holds. 
 
3 THE ACTIVITY-BASED BI-LEVEL MODEL 
 
An activity-based bi-level model is developed in this 
section. There are two objectives of the model 
development in this study. One is that the O-D matrices on 
road networks with the consideration of user activity 
behavior are estimated with the use of the observation data. 
The other one is that the parameter λ  of the user activity 
and travel choice model of Eq. (3) is calibrated to keep up 
with the updated user activity and travel behavior.    
 
3.1  The Upper-level Problem 
 
The upper-level problem is the estimation objective. 
Assume that the history O-D matrix and the history value 
of parameter λ are given. The vehicular counts on some 
selected road links of the transportation network are 
available through the observations [24].  
For simplifying the presentation, the vectors of 
variables are used in the discussions of this section. Let d
denote the updated O-D demands after the estimation. Let
d  denote the history of O-D demands. Let x represent the 
estimated flows on the observation road links. Let x
represent the observed flows on the observation road links. 
Let ( )λP  be the proportions of link flows on each O-D pair 
flow. 1−A  is the predetermined weighting of the O-D 
demand estimation errors on the estimation results while 
1−B  is the predetermined weighting of the link flow 
estimation errors on the estimation results. Note that the 
sum of 1−A and 1−B is 1. Readers may refer to the study of 
[31] for the value settings of 1−A and 1−B .  
In the O-D matrix estimation problem, it is easy to 
understand that the smaller value gap between the 
estimated demands/flows and the history demands/ 
observed flows, is a better estimation. Therefore, the 
upper-level problem is formulated as the following 
equations,  
 
( ) ( )
( ) ( )
T 1
T 1
min ( , ,  ) ( ) ( )
( , ) ( , )




= − − +
+ − −
d x d d A d d
x x d B x x d
         (13a) 
subject to 
( , ) ( ) .λ λ=x d P d                                                         (13b) 
 
Eq. (13a) is the objective function of the estimation 
problem while Eq. (13b) is the constraint equation which 
expresses the relationship between link flows and O-D 
demands on the transportation network. The constrained 
generalized least square (GLS) method [25] which was 
widely used in the previous relevant estimation studies, 
could be adopted to solve the upper-level problem of Eq. 
(13a) and Eq. (13b). 
  
3.2 The Lower-Level Problem 
 
The lower-level problem is the user activity and travel 
behavior in responding to the updated O-D matrix and the 
updated value of λ . According to the discussions in 
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Section 2, it is an activity-based SUE problem and it is 
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, ,  , , ,= ∀ ∈ ∈ ∈∑ j jrs p rs rs
p
f d r s N p P j J               (13d) 
, , ,  , , ,δ= ∀ ∈ ∈ ∈∑∑∑j j rsa rs p a p rs
r s p
x f r s N p P j J       (13e) 
,   , ,= ∀ ∈ ∈ ∈∑∑ jrs r
j s
d d r N s N j J                   (13f) 
, 0,   , , ,
j
rs p rsf p P r s N j J≥ ∀ ∈ ∈ ∈                      (13g) 
0,   , , .≥ ∀ ∈ ∈jrsd r s N j J                                    (13h) 
 
4 HEURISTIC ALGORITHM 
 
A heuristic algorithm is explored to solve the 
developed activity-based bi-level model of Eq. (13a)-(13h). 
In the iterations of the heuristic algorithm, the Bureau of 
Public Roads (BPR) functions are used to calculate the 
travel time ( )a at x  of users on each road link.  
Let ( )0at denote the travel time on link a  while the 
link flow is zero. Let ax  be the flow on link a . Let as be 
the link capacity .The below BPR function is used:  
 










.                                 (14) 
 
The heuristic algorithm is designed as follows: 
Step 1: Set the iteration number and let 1=n . Set the 
value of the history O-D matrix as ( )nd . Set the history 
value of λ as ( )λ n . Calculate the initial link flows ( )nx and 
initial link flow proportions ( )nP  by solving the lower-
level problem with the given ( )nd  and ( )λ n .  
Step 2: Use the GLS method [25] to obtain the 
estimated O-D matrix *d . Calculate the optimum iteration 
step of σ  which is the solution to the problem of Eq. (13a) 
with the values of *,d  ( )nx  and ( )λ n , i.e.,
* ( ) ( )min ( , , , )n nZ λ σd x . Update the O-D matrix by the 
equation of ( 1) ( ) * ( )( )n n nσ+ = + −d d d d . 
Step 3: Update link flows  ( 1)n+x   by solving the 
lower-level problem according to the updated  ( 1)n+d  and
( )λ n . Note that ( 1)n+x  relates with ( 1)n+d  and ( )λ n . 
Step 4: Use the constrained GLS method to obtain the 
calibrated value of *λ . Calculate the optimum iteration 
step of γ  which is the solution to the problem of Eq. (13a) 
with the values of ( 1) ,n+d  ( 1)n+x and ( ) ,nλ  i.e.,
( 1) ( 1) ( )min ( , , , ).n n nZ λ γ+ +d x  Update the value of the 
parameter by the equation of ( 1) ( ) * ( )( )n n nλ λ γ λ λ+ = + − . 
Step 5: Update the link flows  ( 1)n+x   by solving the 
lower-level problem according to the updated  ( 1)n+d  and 
and ( 1)λ +n .  
Step 6: Check whether the convergence condition is 
satisfied or not. If satisfied, stop the iterations; otherwise, 
let 1n n= +  and go to Step 2. 
The convergence condition in Step 6 could be the 
below equation where the maximum relative change in the 
elements of the estimated O-D matrix and the calibrated 
parameter value at successive iterations should be less than 
a small positive number: 
 
{ }( 1) ( ) ( ) ( 1)max ( / ), ( / ) .λ λ λ η+ +− − ≤n n n n n ni i ii d d d      (15) 
 
In Eq. (15), η  is usually set as a positive number close to 
zero.  
 
5 NUMERICAL EXAMPLE 
 
In this section, a numerical example is provided to 
illustrate the application of the developed activity-based bi-
level model and the explored heuristic algorithm in solving 
the problem of estimating O-D matrix on road networks. 
The convergence of the heuristic algorithm is examined. 
The accuracy of the estimation results with the application 
of the methods in this study is discussed.   
 
Figure 1 An example road network 
 
Fig. 1 gives the considered road network. It is a 
network of 7 nodes and 10 road links. In this example, the 
unit of the link travel times is in hours (h). The unit of the 
link flows and link capacities is in number of vehicles per 
hour (veh/h). The free-flow travel time of each road link of 
the network is shown in Fig. 1. The capacity of each road 
link of the network is assumed to be 4000 veh/h. Link 1, 
Link2, Link 3, and Link 4 are the selected links where the 
number of passed vehicles is counted by the observation 
device [26, 27]. Node 1 and Node 3 are two residential 
areas, Node 7 is a working zone and there is a restaurant at 
Node 5 in the example network.  
Suppose that, every morning, users at Node 1 and 
Node 3 (i.e. the origin nodes) need to travel to Node 7 (i.e. 
the destination node and activity location node) for work 
activity, and on that journey before the arrival to work 
users may choose whether to have breakfast at Node 5 (i.e. 
the activity location node) or not. The utilities of the 
activities are assumed with fixed values of 60 for work at 






















Link free-flow time (hr) 
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Road users’ trips from Node 1 to Node 7 are defined 
as O-D pair 0, and road users’ trips from Node 3 to Node 7 
are defined as O-D pair 1. The total number of road users 
at the original node of Node 1 1d  is 2000 veh/h and that at 
the other original node of Node 3 2d  is 3000 veh/h. The 
activity chain choice of having breakfast at Node 5 before 
work is defined as AC0. The activity chain choice of non-
breakfast at Node 5 before work is defined as AC1.  
The actual value of parameter λ  for the individual 
activity and travel choice model of Eq. (3) is assumed as 
0.1. The value of parameter α  in Eq. (1) is set as 0.1. Tab. 
1 gives the actual and history O-D matrices. In addition, 
the actual and counted link flows on the selected 
observation road links are presented in Tab. 1. Note that 
the history value of λ  is 0.05.  
Through the comparisons between the actual and the 
history values of λ  and the comparisons between the 
actual and the history O-D matrices in Tab. 1, it is easy to 
find that the history λ  and the history O-D matrix are 
greatly biased. There is a need to estimate the O-D matrix 
and calibrate the value of λ  which is used to model user 
activity and travel behavior. The surveyed vehicular counts 
information is used to deal with the estimation and 
calibration problem. Because the history data is rather 
inaccurate and the observation counts seem to be much 
more credible in this example, we set 1 0− =A  and 
1 1.− =B   
 
Table 1 The actual/history O-D matrix (vehicles) and observed link flows on the selected links (vehicles per hour) 
 Actual O-D matrix History O-D matrix 
O-D\Activity choices AC0 (stop at Node 5) AC1 Total AC0 AC1 Total 
1-7(O-D 0) 1291 709 2000 700 800 1500 
3-7(O-D 1) 1936 1064 3000 1000 1600 2600 
Counted link flow\Observed link 1 2 3 4 
Counted flow of AC0 457 834 1223 714 
Counted flow of AC1 0 709 1 1063 
 
5.1 Analysis of the Results 
 
Firstly, the convergence of the explored heuristic 
algorithm is investigated. The value of the parameter of the 
convergence condition of Eq. (15) is set as 0.0001η = . 
Three different initial points, i.e. history O-D matrices in 
view of the discussions in Section 4, are tested in the 
investigation as shown in Fig. 2.  
From the illustration of Fig. 2, under various history 
O-D matrices, the estimation and calibration results could 
still reach convergence with only a few iterations. Those 
results demonstrate that the explored heuristic algorithm in 
Section 4 is a convergent and efficient solution algorithm 
for solving the activity-based bi-level problem considered 
in this study.  
Secondly, the estimation and calibration results of the 
O-D matrix and link flows with different activity choices 
are discussed in Tab. 2. It can be seen that the estimation 
results of O-D matrix with activity choices are close to the 
actual O-D matrix as given in Tab. 1. On the observation 
road links, the estimated link flows are also close to the 
counts as given in Tab. 1. In addition, the calibration result 
of the value of λ  is 0.1007, which is also close to the 
actual value of 0.1. Therefore, the estimation and 
calibration results are qualified.  
 
 
Figure 2 Convergence test of the explored heuristic algorithm 
 
 
Table 2 Estimated O-D matrix and link flows by different activity choices (vehicles per hour) 
O-D\Activity choices AC0 (stop at Node 5) AC1 Total 
1-7(O-D 0) 1295 710 2005 
3-7(O-D 1) 1938 1063 3001 
Activity choices\Link 1 2 3 4 5 6 7 8 9 10 
AC0 461 834 1222 716 1683 834 716 0 3234 0 
AC1 0 710 1 1062 1 0 0 710 1 1062 
 
Except that the accuracy of the estimation and 
calibration results is guaranteed, the results with the 
application of methods in this study also provide more 
information of user activity and travel choices. For 
example, from Tab. 2, not only the O-D trip demands are 
estimated but also the O-D trip demands with different 
activity purposes are obtained. That may be difficult to be 
achieved by using the conventional O-D matrix estimation 
models. Furthermore, road users’ travel behavior of 
temporary stopping at Node 5 before work in this example, 
could be examined but that behavior is probably ignored in 
the conventional O-D matrix estimation approaches.  
Road users’ activity choices are constrained by both 
the transportation network and the activity location 
distributions. In turn, the demands for various activities 
make important impacts on the development of those 
activity areas for matching demands. Therefore, the 
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not only provide more information for improving 
management and planning on traffic policies and 
transportation infrastructure, but also could support a way 
to how to optimize the land use to decrease the urban traffic 
congestion. 
 
5.2 Sensitivity Tests 
 
Thirdly, the effects of activity utility functions and the 
potential number of road users over the network on users’ 
activity and travel behavior are examined.  
Suppose that the service quality of the restaurant at 
Node 5 drops in standard, and the utility of having 
breakfast at Node 5 declines from 15 to 5. The effects of 
such a change on users’ behavior are discussed in Tab. 3. 
As shown, while the utility of having breakfast at Node 5 
decreases, some road users who had breakfast at Node 5 
before, choosing AC0, cancel the eating at Node 5 and 
switch to the activity chain AC1.  
Suppose that the number of the original road users at 
Node 1 and Node 3 grows from 2000 veh/h to 6000 veh/h, 
and from 3000 veh/h to 8000 veh/h, respectively. The 
increased number of original population may lead to more 
serious traffic congestions on the network. The impact of 
that increase on users’ activity and travel behavior is 
presented in Tab. 3. It is shown that when the traffic 
congestion becomes worse, more road users prefer to 
choose AC1, with no stop at Node 5 for eating.  
Those results shown in Tab. 3 imply that the developed 
model and explored heuristic algorithm in this study are 
applicable to capture the effects of the environmental 
changes such as land use development policies which 
influence users’ activity choice decisions on the O-D 
matrix. However, the conventional approaches appear to 
fail to incorporate such kinds of effects in their O-D matrix 
estimation. 
Finally, the sensitivity test of the parameter λ  for the 
individual activity and travel choice model of Eq. (3), is 
conducted. For simplicity, let the set {{a; b}, {c; d}} 
denote the activity-based trip demands of the two O-D 
pairs, where a, b, c, d are positive integers. For example, in 
Tab. 4, {{1298; 717}, {1943; 1061}} representing the O-
D flow from Node 1 to Node 7 for AC0 and AC1 are 1298 
and 717, respectively, while the O-D flows from Node 3 to 
Node 7 for AC0 and AC1 are 1943 and 1061, respectively. 
The basic data are presented in Tab. 1 and the weighting 
factors 1 0.1− =U  and 1 0.9− =W  are used. The O-D 
matrix is estimated in two scenarios. Scenario 1 uses the 
proposed bi-level model with parameter λ calibration, 
while scenario 2 is without λ calibration where λ  is fixed 
as 0.05. The results under those two scenarios are 
compared in Tab. 4.  
It is found that the estimation and calibration results in 
scenario 1 with the parameter λ calibration are quite close 
to the actual O-D matrix and the actual value of λ . In 
contrast, the estimation errors increase in scenario 2 
without the parameter λ calibration. In other words, the 
accuracy of the estimation results in scenario 2 decreases. 
Therefore, it is necessary to take into account the effects of 
the activity choices in the O-D matrix estimation problem, 
and update the parameter that captures user activity and 
travel behavior. Otherwise, the ignorance of those effects 
and the parameter calibration may lead to biased O-D 
matrix estimation results. 
 
Table 3 Effects of changes in environment (vehicles per hour) 
 O-D 1-7 for AC0 O-D 1-7 for AC1 O-D 3-7 for AC0 O-D 3-7 for AC1 
Uncongested and 
eating utility = 15 
Estimated demand 1295 710 1938 1063 
Percentage (%) 64,6 35,4 64,6 35,4 
Uncongested and 
eating utility = 5 
Estimated demand 1103 900 1655 1350 
Percentage (%) 55,2 44,8 55,2 44,8 
Congested and 
eating utility = 5 
Estimated demand 3268 2736 4357 3638 
Percentage (%) 54,4 45,6 54,4 45,6 
 
Table 4 Results of the scenario 1 and scenario 2, i.e. with/without calibrating the parameter of the activity and travel choice model of Eq. (3) 
 Estimated λ Absolute error of λ Estimated O-D matrix Absolute error of O-D matrix 
With the parameter calibration 0,1009 0,0009 {{1298; 717}, {1943; 1061}} {{7; 8}, {7; 3}} 
Without the parameter calibration 0,0500 0,0500 {{1140; 831}, {1739; 1250}} {{151; 122}, {197; 186}} 




The activity-based approach could provide improved 
understanding of trip demands; however, there is scare 
literature on the study of incorporating activity choices in 
O-D matrices estimation problems. This is mainly due to 
the difficulty in collecting adequate data on users’ activity 
behavior. The activity-based bi-level programming 
estimation model proposed in this study, overcomes the 
shortcomings of large amounts of data collection. 
The proposed model examines the effect of road users’ 
activity pattern on the O-D matrix by adopting the activity-
based SUE problem as the lower level. The O-D matrix of 
the whole road network is estimated by vehicular counts on 
some links, while the parameter of the activity and travel 
choice model has been calibrated simultaneously, in the 
upper level. Thus, the proposed model can reduce the 
requirement of a large amount of data to represent all road 
users’ activity choice behavior. 
The numerical example results illustrate that the 
developed estimation model and the explored heuristic 
algorithm are applicable and efficient. The estimation 
model not only provides the O-D matrix for various 
activity purposes but also captures some effects of 
environmental changes. However, conventional estimation 
models probably fail to do this. More improved 
information is also offered with the applications for the 
strategic transport infrastructure projects, policy 
requirements and land use plans. 
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This study is the first step of developing activity-based 
approaches for the O-D matrix estimations. The future 
work is expected to produce formulations to describe users’ 
more comprehensive activity choice behavior. In this study, 
for simplicity, the network capacity constraints are not 
considered. In a further study, we can adopt the research 
methodologies presented in our previous study of [21] to 
consider the capacity constraint problem. This study 
focuses on the impact of activity patterns on trip demands 
in static networks. However, in reality, the proposed 
activity plays an important role in users’ departure time 
choices. The model should therefore be extended to 
dynamic networks, together with the consideration of 
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